Abslract-We present a model for effiaent and robust power control in the downlink of Wideband CDMA wireless systems. The model is based on microeconomics, and takes into account both the congestion, in terms of increased interference, that a mobile user impuses to other users, and the downlink resource constraint, which involves the total transmission power at the base station. We discuss the application of the model for supporting semce differentiation, and investigate various alternatives and their cornspouding tradeoffs. Our approach involves adjusting the target signal quality based ou weights declared by mobile users.
I. INTRODUCTION
Current power control algorithms for wireless systems increase the power when the interference increases, in order to satisfy the requested signal qualities. However, when the requested signal qualities are infeasible, the above power control algorithms diverge. Such behavior results from not taking into account the fact that wireless resources are limited, and that the increase of the power of one mobile user imposes a congestion cost, in terms of increased interference, to the other users.
In this paper we present a model that takes into account the above congestion costs, hence enables efficient utilization of wireless resources (transmission power at the base station), and is robust to the demand for such resources. Our model is based on microeconomics and congestion pricing, and considers utility functions for expressing user preferences. We discuss the application of our model for supporting service differentiation in wireless networks. Our approach involves modifying the outer loop power control algorithm, which adjusts the target signal quality, expressed by the bit-energy-to-noise-density ratio', based on weights declared by the mobile users. Hence, the approach does not require changes to fast closed-loop power control, whose objective is to adjust the transmission power in order to achieve the target signal quality. In this paper we consider the case of traffic with fixed rate requirements, which can adjust their signal quality. Resource control, for both the uplink ' The bit-energy-to-noise-densiry mtio is also referred to as signal-tointerference mi0 (SIR). and the downlink, in the case of traffic which is adaptive to both the transmission rate and signal quality is investigated in
The application of microeconomic models to power control has also been proposed by other researchers, e.g., see [121, [31, [91, [71, [61, [I] . The authors of (121 consider a scheme, called utility-based power control, where the user optimization problem is the same as the one considered in this paper. The work of [3] , [9] also assume the same user problem, but consider a different utility that can be interpreted as the number of information bits transmitted per unit of energy, and is not an increasing function of the transmission power. A main difference between our work and the above is that we investigate the problem of power control in the context of social welfare maximization, taking into account the total transmission power constraint at the base station. As a result, our model yields economically efficient power allocations. Moreover, the application of our model involves adjusting the target signal qualities, based on the declared weights of all mobile users, hence works on top of the fast closed-loop power control procedure defined for Wideband CDMA systems. Downlink power control is also discussed in [7] , but the interference a mobile user causes to the others is not taken into account. Finally, uplink power control control is investigated in
The rest of this paper is organized as follows. In Section I1 we discuss resource usage in the downlink of CDMA systems, and based on this we present our model for resource control using the notions of utility functions and congestion pricing. In Section In we discuss the application of our model for supporting service differentiation, and in Section lV we present numerical investigations using the proposed procedures. Finally, Section V concludes the paper identifying related issues we are currently investigating.
MODEL
In this section we first discuss resource usage in the downlink of WCDMA systems, and then present our model for resource control based on utility functions and congestion pricing. The value of the bit-energy-to-noise-density ratio EbIN0 corresponds to the signal quality, since it determines the bit error rate, BER [Z], [13] . Indeed, BER is a non-decreasing function of Eb/No, that depends on the multipath characteristics, and the modulation and forward error correction (FEC) algorithms. Let y be the target bit-energy-to-noise-density ratio required to achieve a target BER. The target bit-energytonoise-density ratio is selected by outer loop power control in WCDMA systems, and is given to closed-loop power control, which adjusts the transmission power in order to achieve this .
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where N is the number of mobiles and P is the total transmission power from the base station. From the last equation, observe that the amount of resources used by each mobile is given by the corresponding transmission power of the signal destined to that mobile. Unlike the downlink, which ispowerlimited and resource usage is determined from the transmission power, the uplink is interference-limited and resource usage is determined from the product riy; [SI, [I31 
B. Resource control in the CDMA downlink
Next we present a model for resource control, based on the notions of utility and congestion pricing. We consider rateinelastic traffic, i.e., traffic which has fixed rate requirements, but can adapt its target bit-energy-to-noise-density ratio. Such applications include, e.g., streaming videotaudio, which can have a fixed transmission rate, but whose quality, as perceived by users, depends on the frame error rate; the latter depends on the signal quality, which as discussed above is determined by the target bit-energy-to-noise-density ratio.
The utility for a user i with rate-inelastic traffic can be ex- 
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The Lagrangian for (2) is given by where p is the shadow price for the constraint on the total transmission power at the base station. The first order conditions for the above Lagrangian are Substituting (1) in the last equation we obtain
When there is a large number of mobiles, the last equation can be approximated by
In the last equation, the second term represents the marginal congestion cost, in terms of interference, that user a imposes to all other users, and the third term p represents the shadow price for the constraint on the total transmission power at the base station. Indeed, by having users face the price X given by then a user i's objective of maximizing his benefit (utility minus
has the same first order condition as (3), i.e., the individual user optimization coincides with the global social welfare optimization; a pricing scheme with this property is called incentive compatible. Indeed, it is interesting to note that the user does not differentiate the two factors in (3), i.e., the marginal congestion cost and the shadow price for the power contraint, and sees only the sum of these two factors.
Next we consider the special case where the user utilities are logarithmic functions. Such a case provides insight to the above charge), Pi results, and will be the basis of the simple approach that we present in the next section for applying our model in order to achieve service differentiation.
Consider the utility Ui(ri) = wi log 7i. Substituting this utility in (3) we obtain was the case for the power, the signal quality is proportional to the weight factor. Equation ( 5 ) requires estimation ofthe channel gain from the base station to the mobile, which can be done using the downlink pilot bits. There are two options as to where the selection of yi based on ( 5 ) is performed: the mobile host or the radio network controller (RNC). The first alternative results in more complexity at mobile hosts. Moreover, it requires communicate j g j -p = o .
W i
pi -w j Bjgj ck Pk + qj From the last equation observe that, for logarithmic utilities, the powerpi is proportional to the weight wi; hence the latter represents a willingness-to-pay for user i, which can be interpreted as the (constant) charge per time unit that the user is willing to pay for obtaining wireless resources, which for the downlink is given by the transmission power. Indeed, such a model can be the basis for a fair and incentive compatible pricing scheme, since charges would be proportional to resource usage.
Due to the proportional dependence of the power on the weight (willingness-to-pay) factor, the optimal allocation of . . .
ing the ratio PPI e, wj from the RNC to the mobile. On the other hand, if the RNC performed the selection of 7;. then there would be increased signalling overhead since the mobile would need to communicate to the RNC the values of the gain and interference; such communication would he required whenever these parameters changed, e.g., due to mobility. We note that, in order to avoid signalling overhead and delays, the selection of the target bit-energy-to-noise-density ratio in WCDMA is performed at the mobile [5, p. 1971.
From ( 5 ) observe that, for the same weight, a smaller path gain will result in a smaller signal quality, i.e., a worst quality
of service. Hence, mobile users at a different distance from powers IS given ~y
The above allocation of powers satisfies the first order conditions (3) and the power constraint in (2). Moreover, observe that the last equation can form the basis for robust power control, since a higher demand results in a larger sum of weights, hence a smaller allocation of power to individual mobiles. We investigate the application of the last equation for service differentiation in the next section.
APPLICATION OF THE MODEL
Due to multipath fading, the selection of the instantaneous transmission power based on (4) has the disadvantage that the received signal quality at a mobile host will not be constant. Moreover, it requires modification of the fast closed-loop power control procedure, which is implemented in the physical layer of CDMA systems.
Another alternative involves estimating a signal quality, which is then used as the target in fast closed-loop power control. Let pi be the average power for user a. Due to factors such as fast fading, shadowing, inter-cell interference, and imperfect power control, the target power utilization p will be lower than one, and it can show that, similar to (4), the average power is 
where p is the average total transmission power from the base station, p is a target power utilization, and IE determines the speed of convergence of the system. The signal quality for user i would be
Note that, according to the above model, the price U remains internal to the RNC and is not communicated to the mobile hosts. Another option is to communicate the congestion price to the mobile hosts, which are free to adjust their signal quality according to their needs and requirements.
The procedures of this section assumed logarithmic user utilities. They can be extended for more general forms of the user y;(t -l ) ) T i ( t -I ) , (9) where yi(t -1 ) is the signal quality allocated to user i at the time interval t -1.
As already noted, the above procedures involve modification of outer loop power control, which operates on much slower timescales than fast closed-loop power control. Moreover, a mobile user's weight can be determined at his subscription 
Iv. NUMERICAL INVESTIGATIONS
Next we present numerical investigations that demonstrate -the properties and differences among the resource sharing procedures presented in the previous section. The values of the parameters considered in the experiments are shown in Table 1 . First assume that all mobile users have a logarithmic utility, with the same weight factor. The target signal quality y as a function of the distance is shown in Fig. 1 . As expected, when resource allocation is based on Eq. (9, where there is no averaging over all mobiles, the target signal quality y decreases with the distance, since the congestion charge is proportional to the transmission power, and the required power to achieve a given signal quality increases with the distance. On the other hand, when resource allocation is based on Eq. (6), there is no differentiation due to a mobile's position, since now a mobile's charge does not depend solely on its own transmission power but on the average transmission power to all mobiles. In Fig. 1 we have assumed that the average loss and the average interference over all mobiles corresponds to the loss and interference for a mobile whose distance from the base station is I Km.
Note that, in the equilibrium, resource allocation based on Eq. (5) is the same as resource allocation based on the dynamic pricing scheme in Eq. that the time to reach the equilibrium with the dynamic pricing scheme is larger, and depends on the parameter n in Eq. (7).
On the other hand, as discussed in the previous section, the dynamic pricing scheme involves less communication overhead. Now assume that one of the N (= 25) mobile users has a utility function of the form U ( y ) = 1 -eCb7, Fig. 2 . Figure 3 shows the signal quality as a function of distance for the two utilities shown in Fig. 2 , when resource allocation is based on Eq. ( 5 ) and (9) . From this figure we observe that the less steep utility (b = 0.2 in Fig. 2 ) achieves for small distances a higher target signal quality y. This can be explained by considering the derivative of the utility in Fig. 2 and Eq. ( 5 ) and (9) . In particular, the same derivative li' (7) in Fig. 2 is achieved at a higher y for the less steep utility (b = 0.2), compared to the steeper utility (b = 0.8).
Also observe in Fig. 3 that at some distance, y drops to zero. Indeed, the distance at which this occurs is smaller for the less steep utility (b = 0.2), compared to the steeper utility ( b = 0.8).
This observationcan he explainedby the fact that V'(7) obtains larger values for the steeper utility. This observation together with Eq. ( 5 ) and (9) shows that, for the steeper utility, y obtains non-zero values for larger distances.
V. CONCLUSIONS
We have presented a model, based on microeconomics and congestionpricing, for efficient and robust power control in the downlink of CDMA wireless systems. We have discussed the application of the model for supporting service differentiation, investigating various alternatives and their corresponding tradeoffs. We have considered traffic with k e d rate requirements, which can adjust their signal quality. The case of traffic which can adjust both their transmission rate and signal quality is consideredin [Ill.
The work presented in this paper is part of a wider effort whose goal is to investigate the application of ideas from microeconomic modelling for developing flexible, efficient, and robust procedures for resource control in wireless networks. In this direction, issues we are investigating include resource and cell dimensioning [lo] , integration of congestion control mechanisms in wireless and wired networks, and resource control and service differentiation in Wireless LANs based on 802.11.
